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A negative finding of amniotic fluid (AF) phosphatidyl glycerol (PG) does not
eliminate the need for determining the lecithin/sphingomyelin ratio (LSR). We
use a novel approach to classify fetal lung maturity (FLM) data, and to validate
the fluorescence polarization (FP) surfactant assay (Abbott), which replaces the
PG assay and reduces the frequency ofrepeat LSR. This method finds the val-
ues (decision points) of these tests that allow for classifying the data with least
errors. These tests best identify the risk ofrespiratory distress syndrome (RDS)
from fetal lung immaturity. We find the decision values for tests by exploring
the data for information content and optimize their selection using group-based
reference. We previously defined normal reference as the maximum entropy set
with no information. The uncertainty resolved by information provided in the
data allows formation ofsyndromic classes. This is greatest at the values for the
variables (decision-points) associated with the greatest decrease in entropy.
Decision-values found for PF, EGA, PG, LSR that classify amniotic fluids into
the mature and not-mature classes are in agreement with the results of ROC
analysis. We validate the replacement of PG by the PF method. We also find a
level of FP below which LSR might be required to resolve uncertainty and
above which the FP indicates maturity. We confirm the ability to evaluate fetal
maturity methods using information analysis.
INTRODUCTION
This laboratory has triaged amniotic fluid (AF)e specimens for several years using the
Amniostat-FLM procedure (Irvine Scientific, Santa Ana Calif.) for determining the pres-
ence of phosphatidyl glycerol (PG) before carrying out the thin-layer chromatographic
analysis of lecithin/sphingomyelin ratio (LSR) (Helena Laboratories, Beaumont, Texas).
This "triage" approach results in an unacceptable confirmation rate ofPG negative, LSR
positive specimens because of the poor sensitivity of the screening method. On the other
hand, a PG value scored as 1+ or 2+ by this method correlates with a positive LSR so that
an LSR may be done only in the absence of a PG value of at least 1+.
The desirability ofreplacing the PG method was motivated in large part because per-
forming the LSR is labor intensive. Therefore, an automated screening method was need-
ed with an accuracy comparable to the LSR with a low confirmation rate. This became
feasible with the introduction of a fluorescence polarization assay (FP) (based on surfac-
tant to albumin ratio) by Abbott Diagnostics, Inc.
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We evaluate these assays of fetal lung maturity (FLM) using test data to form a clas-
sification related both to FLM and to risk ofRDS. The tests ofFLM are combined to form
syndromic classes. The classification is determined by the information content in the data
from which decision values for the tests are determined. The results obtained by ROC
analysis using RDS as the training variable and the entropic method are the same.
PRELIMINARY STUDY
An initial study of 158 AF analyses was done at Bridgeport Hospital. The PG and
LSR were both done because of negative or indeterminate PG determinations by
Amniostat FLM for 158 analyses at Bridgeport Hospital. The enzymatic method for PG
analysis that measures to an LSR equivalent of 2 was not published at the time of this
study [1]. This contributed to a bias in immaturity of the Amniostat method with an
expected positive result at an LSR well above 2. The results were compared with estimat-
ed gestational age, which was available for all tests. In many ofthese patients maturation
offetal lung surfactant was inducedprior to amniocentesis. The data were analyzed by the
method ofgroup-based reference [2]. We compared the entropy in the data after random-
izing the variables to remove correlation with the entropy ofthe ordered data. We obtained
decision-points or cut-points (decision values) from thedifference in entropies forthe data
EGA, PG, LSR, separating the population into syndromic classes. By this measure, the
information was greatest at the value of each variable used for separation for which the
difference between the data entropy and the entropy of the randomized data is greatest.
These were: EGA, 33.8 weeks; PG, 0; LSR, 2.5.
The PG was scaled at0, 0.5 and 1 for values ofnot-mature, indeterminate and mature,
respectively. A score of0.5 was equivalent to a 0. The EGA and LSR, respectively, were
scaled at less than 33.8 weeks (not-mature) and 33.8 weeks or more (mature), and less
than 2 (not-mature), and 2 or more (mature). The number ofgroups that can be defined by
three variables with two possible outcomes is eight. The classes with the least uncertain-
ty (EGA, PG, LSR) were: 000, 101, 011, 100, 111 (a 110 pattern is excluded).
The result, an LSR decision point at 2.5, even though RDS is likely at an LSR well
below 2, follows from the paired comparisons using PG. Table 1 shows the means and
standard deviations for 102 not-mature and 55 mature results. The high negativity of the
PG is shown at nearly equivalent EGAs. This contributes to significant uncertainty about
FLM without the LSR.
POLARIZATION OF FLUORESCENCE (FP) ASSAY
We then used the estimated gestational age, PG and LSR to evaluate a new test, the
fluorescence polarization (FP) [3-5] assay with the expectation that the new method could
reduce the number of LSR tests done because of false-negative PG tests. The population
defined by the analyses of AFs has data which define at least two different populations
based on FLM. The risk of RDS ofthe newborn decreases as lecithin increases and LSR
approaches and exceeds two with fetal lung surfactant maturation.
The new method can be evaluated by comparison withprevious methods.A cross-tab-
ulation is better than regression analysis for this comparison because normal distribution
cannot be assumed for the data or for the variances. The linear regression model has an
inherent problem in requiring the errors to be normally distributed. An approach based on
outcomes evaluation (RDS) requires a study population of substantial size because of a
low incidence of RDS in the not-mature population. We therefore combined the study of
two institutions in Bridgeport, Connecticut and Portland, Maine to obtain a study sample
of sufficient size with 496 patients (147 from Bridgeport and 349 from Portland) for out-
comes determination. Additional data were provided by Dr. Alan Wu from his study at
Hermann Hospital in Houston, Texas, bringing the study sample to 571.
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We have suggested that if there is sufficient information in the data, it is possible to
examine the data and determine the optimum decision values without referencing each
value to a prior classification [2]. The determination ofsensitivity and specificity requires
a prior assignment ofRDS and the confidence intervals under the ROC are problematic at
a low rate of RDS. The entropic method is not dependent on either a prior assignment of
RDS, or on distributional characteristics of the data. The decision-values are entirely
derived from the informational characteristics of the data.
We analyze the entropy of the data set to find the decision-values for each variable
that best classifies the data. The data which distinguish the mature from not-mature pop-
ulation in terms ofEGA, PG, LSR and FPhave adecreased entropy associated with uncer-
tainty relieved at the critical decision-values. These values are where the difference is
greatest between the entropy of the ordered and randomized (eliminating association)
data, allowing these tests to separate the populations. This critical-value is that which
allows best separation into mature and not-mature classes using EGA, PG, LSR and FP.
The entropic method has been successfully applied to evaluation oftests used to diagnose
other conditions [2,6-10]. The effect ofthe relationship between a surfactant test and lung
maturity is an expected significantly different rate of RDS in the two groups.
STUDY SAMPLE
An initial retrospective study used 158 patients and three years of data collected by
the Bridgeport Hospital (BH) laboratory onLSR, PG and EGA withoutregard to outcome.
The second study at Bridgeport Hospital was prospective and involved collection of the
same data, fluorescence polarization data (FP) on theAbbott FLM test and review ofout-
comes for 147 patients with a very low RDS occurrence. An additional 349 patients were
usable from a similar study carried out at the Maine Medical Center (MMC) in Portland,
Maine and 75 patients were from Dr. Alan Wu in Houston, Texas. In the BH study the PG
test was done byAmniostat, but in the MMC study the PG values were read from the thin-
layer chromatographic plates. Outcomes were established, such as RDS, transient tachyp-
nea or apnea, intrauterine growth retardation, diabetes, premature rupture of membranes,
etc., as much as possible in both studies except when the patient was lost to follow-up.
The data sets were combined without any assumptions ofnormal reference. This was
not inappropriate because theAbbott method is automated and has no bias across labora-
tories. In the case ofthe PG there is a difference in sensitivity between the precipitin and
chromatographic assay. The analysis is carried out independently oflaboratory definitions
of reference range.
METHODS
Entropy
We have reported [2] on how to explore data for information to discover critical deci-
sion-points at which the entropy decreases, suggesting a separation between distinct pop-
ulations. In this case we can expect to discover at least two distinct populations that are
described by the data: FP, PG, LSR and EGA. There are more than two when one consid-
ers intrauterine growth retardation (IUGR) as an outcome, and the tests are not sufficient
to distinguish all ofthe populations. A finding where each ofthe four variables is positive
(+,+,+,+) is always mature, and a finding where each value is negative (-,-,-,-) is always
not-mature. The importance ofintermediate combinations ofthese have to be discovered.
The LSR is scaled to 0 for less than two, 2 for > 2.5 and 1 for equivocal. The PG is either
0 or 1. The optimum value for FP is determined from the entropy in the data using EGA,
PG and LSR.
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Our method [2] extends the work by Rypka [11] in the domain ofmedical clustering,
and is directly traceable to the relationship between entropy and missing information in
both physics (e.g., Boltzmann, 1894; Szilard, 1925; von Neumann, 1932) and in commu-
nication theory elaborated by Shannon [12]. In information theory the quantitative mea-
sure of information in a message source is entropy, H:
H =P1log2(1P2) + P210g2(1/P2) + *-- Pnlog2(1fP),
where H is a function of the probabilities (P) of the choices in a set of messages having
different amounts ofinformation. We have described [2, 6] the treatment oftest combina-
tions as adiagnostic message set, the variable combinations ofwhich are a message trans-
mission. If there is no information in the data-set supplied, the data-set is at maximum
entropy and has no information. Ifthere is information in the data-set supplied, the infor-
mation supplied is that which is necessary to relieve uncertainty in the message.
The analysis of information in the data supplied is made possible by examining the
entropy ofthe entire set ofmessages transmitted (which continue to be supplied). As the
message set becomes complete or the number ofmessages becomes sufficient, the amount
of information in the data and the amount of information needed to relieve uncertainty
becomes more clear. We stress that information notprovided in the data may be as impor-
tant as that which is discovered in this process.
We measure the entropy ofthe data at maximum uncertainty by randomizing the data
to determine its entropy without associative relationships between the variables. We deter-
mine the uncertainty in the ordered data by measuring its entropy. The difference between
the maximum entropy of the unordered data and the lower entropy of the ordered data is
the effective information. This difference is greatest at the decision-point for each variable
in the message set for which the most information is supplied. We refer to this as the opti-
mum decision-value. The effectiveness ofthe message, or information provided, is depen-
dent on the information provided by each test and by the selection of tests. It follows that
any combination of n tests may be inaccurate if it provides insufficient information to
resolve uncertainty in the message. One can then assume that a sufficient number and
quality of tests can minimize uncertainty in any diagnostic problem.
The data were treated in a matrix format, with four columns corresponding to EGA,
PG, LSR and FP and the patients in rows. Entropy calculations were made from a binary
data matrix produced by applying decision values as described [2]. The decision-points
determined the reference-limits for the study population. The relative frequencies of the
binary patterns were used to calculate the entropies. The decision-values for scaling of
LSR and PG were derived from a prior study without FP of 158 AFs using a three-letter
word message set. Eight binary patterns were possible. The present study with FP uses a
93 (of 121 or 470) line four-letter message (including FP) with 16 possible patterns. All
possible patterns occur with equal frequency when there is no information in the message
set, all messages being equally probable. If the average entropy, H, in the data is 1 (for
true-false outcomes) then probabilities ofeight equally likely messages to yield one unit
ofinformation is 0.125, and the sum oftheentropies ofthese events takes on its maximum
value. In the case of binary expression of three variable combinations, the maximum
entropy is the number ofattributes, or 3, and the frequency distribution of a flat distribu-
tion for each binary expression is 0.375. If the variables that are used to form the binary
pattern classes are randomly and independently associated, then the outcomes are equal-
ly likely for any pattern. This results in a decision-value for each variable at its median at
maximum entropy with equal frequencies ofthe binary patterns at maximum entropy.
The finding of maximum uncertainty in the data set indicates that there is no effec-
tive information in the data. The finding ofmuch greater frequency ofthe 0000 and 1111
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pattern is highly significant for four tests. This distribution is different from the flat max-
imum entropy partition. It indicates there is information in the message; the basis for adis-
covery process. This results in a measured entropy that is less than four bits. The differ-
ence between the measured entropy and the expected maximum entropy is the effective
information present.
We have stressed that information can only be found in multivariate relations. There
is not enough information in a single test to resolve uncertainty when two choices are pos-
sible, and even when a single test is used as a benchmark in a diagnostic process, it is not
used as a random independent test. In other words, the use of the test is not from an
assumption of two equally likely outcomes. In our case offour tests, we explore the abil-
ity to predict fetal maturity with outcomes that are not independent for FP, EGA, PG and
LSR. We define the effective information in the data as the difference between the maxi-
mum uncertainty of uncorrelated (randomized) data and the actual uncertainty in the data
obtained. Examination ofthis relationship reveals decision-points that decrease the uncer-
tainty in the relations and at the same time produces binary words that classify the data.
In this sense, we find a definition of "limits-of-normal" that are not arbitrary, that are
defined by endogenous information in the data itself. In examining the entropy of each
variable, the entropy ofeach variable is calculated in increments using the variable under
study vs. the medians ofthe other variables as fixed values. The entropy is calculated from
the probability distribution of the binary patterns produced for each increment. This
entropy is subtracted from the entropy derived from destroying the association between
the variables.
We have referred to the effective information in the data relation as uncertainty
"relieved" or the missing information at the different decision-limits. We also find that
there may be more than one decision-limit for a set of data which is related to different
classification problems. When such a situation exists, it becomes important to have suffi-
cient tests to reduce mis-classification errors.
Statistics
Statistical analyses were carried out on a486DXIBM-compatible PC on Statgraphics
software (Manugistics, Rockville, Maryland) and included: normal probability plots and
distribution analyses, cross-tabulation, one-way analysis of variance, Kruskal-Wallis
analysis, regression analyses, and the Kolmogorov-Smirnov two-sample test. Analysis of
variance was used when variances ofcontinuous predictors (LSR and FP) were examined
between categorical groups, i.e., RDS, no RDS, and intrauterine growth retardation
(IUGR). Regression was examined when both the predictor and response were continuous
variables.
In the case ofexamining outcomes, aregression model can be used having more than
one predictor. This is problematic if the response is not linear or if the errors are not nor-
mally distributed. In each of these cases, however, a model can be constructed only if a
prior, supervisory classification is defined. We have selected a method which is indepen-
dent of the distribution of the errors and which minimizes the entropy.
A receiver-operator characteristic curve (ROC) determines sensitivity and specificity
at different cut-points. The ROC depends on the selection of an a priori outcome. One
might also plot the diagnostic efficiency, or errors, against the reference outcome as the
value of the predictor is varied. An inherent problem is the low level of RDS in the study
population and the range of values for which the predictor is positive with RDS. Reliable
confidence intervals under the ROC curve may be hard to come by. There is no inherent
advantage to deriving the cut-points using the ROC curve. First, the approach requires a
prior reference to a supervisory classification. This is not the case with entropic method
which uses the information in the data to create aself-learning matrix. Second, the outcome
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Table 1. Statistics for fetal maturity.
Test
EGA
PG
LSR
Patterns (no 110)
Size
Mature (mean + SD)
34.6 + 1.1
0.2 + 0.3
3.0+0.44
111,011,101,001
56
Not mature (mean + SD)
34.3 + 1.2
0.05 + 0.15
1.8 + 0.43
000, 100,010,001
102
Table 2. Simplified ROC analyses ofFLM data.
Test Sensitivity 1-Specificity
FP
70 mg/g 0.967 0.485
50 mg/g 0.70 0.208
35 mglg 0.567 0.70
LS
2.5 0.967 0.362
2.0 0.70 0.146
1.5 0.50 0.042
PG 0.909 0.547
Table 3. Truth table ofclassified data.
Class Pattern Frequency
0 0000 15
1000 2
17
1
2
0010
0011
0012
1010
1021
1122
1121
1022
1021
0122
0021
0022
3
5
1
2
12
10
2
3
1
3
1
l
21
Likelihood
0.30
0.04
0.34
0.06
0.10
0.02
0.04
0.02
0.24
0.20
0.04
0.06
0.02
0.06
0.02
0.02
0.42
Uncertainty
3.333
25.0
2.941
16.667
10.0
50.0
25.0
50.0
4.167
5.0
25.0
16.667
50.0
5.0
50.0
50.0
2.381
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ofinterest, RDS, is dependent on the association between EGA and surfactant level (mea-
sured by LSR and FP). Therefore, examining the data for information establishes the same
cut-points that are optimum for RDS determined by the ROC curve.
RESULTS
ROCAnalyses
The FP, LSR, PG and EGA were analyzed by cross-tabulation and a simplified ROC
analysis was carried out using the table generated. The FP and LSR are continuous vari-
ables. The FP and LSR were converted to scores prior to cross-tabulation based on age
range and presence or absence ofRDS (IUGR was excluded). FP converted to PFSCORE
is: less than 35 mg/g = 0; 35-49 mg/g = 1; 50-70 mg/g = 2; 71-85 mg/g = 3; greater than
85 mg/g = 4. LSR converted to a LSCORE is: less than 1.5 = 0; 1.5-1.9 = 1; 2.0-2.4 = 2;
2.5-2.9 = 3; equal to or greater than 3 = 4.
Table 2 is the result ofthe simplified ROC analysis from the cross-tabulated data.
Entropy decision-values
The initial study of 158 amniocenteses resulted in the classification with EGA, PG
and LSR (Table 1). The LSR between 2.0-2.5 (indeterminate) maturity allows for an inter-
mediate class arising out of the paired comparisons with PG (PG-, LSR+). The entropy
determined decision-values thatclassify forrisk ofRDS were: FP, 50-80; EGA, 35 weeks;
PG, 1; LSR, 2.5. Figures la and lb are plots ofeffective information (bits) in the L/S ratio
and the new FLM test, FP, showing decision points at 2.5 and 68, respectively (data from-
first 93 cases at BH).
Binary pattern classes
The number of groups that can be defined by four variables with two possible out-
comes is 16. These are compressed into three categories defined by the binary classes of
the four variables.
Table 3 is a truth-table showing the test patterns in the three groups using a ternary
assignment for LSR and for FP as follows: LSR: not-mature, less than 2 = 0; probable,
2.0-2.5 = 1; mature, greater than 2.5 = 2; FP: not-mature, less than 50 mg/g = 0; probable,
50-80 mg/g = 1; mature, greater than 80 mg/g = 2.
The group assignments are determined by the binary patterns. The Fisherian likeli-
hood for each pattern is 1/n, where N is the sum ofn's, and the uncertainty is represented
as the proportion n/N. Table 3 constructs these representations ofthe pattern classes.
Using the decision-values for assigning mature vs. not-mature, it is possible to cal-
culate the likelihoods for surfactant activity with FLM (specificity) and orits absence with
immaturity (sensitivity), and the likelihood ratios for each variable. The low level ofRDS
(30) in a population sample of 290 known outcomes makes the calculation of incremen-
tal risk unattractive. In this study the negative LSR or FP surfactant assay should be asso-
ciated with RDS ofthe newborn and reflected in the likelihood ratio, which decreases sig-
nificantly at FP values above 50 mg/g. The odds-ratio was calculated for RDS with the
LSR and FP, respectively, scaled using -2, -1, 0, 1 and 2 as dummy scores for the intervals
less than 1.5; 1.5-1.9; 2.0-2.4; 2.5-2.9; and greater than 3.0; for LSR, and less than 35
mg/g; 35-49 mg/g; 50-70 mg/g; 71-85 mg/g; and greater than 85 mg/g for FP. The
Goldminer universal regression program was used (J. Magidson, Statistical Innovations,
Inc., Belmont, Mass.) [13,14] to obtain odds-ratios of 24.66 (p = 1.2x10-5) for LSR and
14.831 (p = 4.Oxj10'3) for FP.
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The effect ofthe PG determinations on the matrix, which contributes to themaximum
at LSR of 2.5 and FP of 70 mg/g, reflecting the use of the test in the diabetic population,
supports the intermediate range suggested by the manufacturer.
Data evaluation
Figure 2 is a histogram comparing the FP and LSR distributions for BH and MMC.
The LSR, not the FP, is normally distributed. Kruskal-Wallis analysis forFP (9 x 10-9) and
LSR (1.7 x 10-5) by data is significant.
FP and LSR analyses
The relationship between the FP and LSR (Figure 3) as determined by the combined
data is described by the equation:
FP = 24.909 x (LSR) - 0.1237
(r2 = 0.8197, F(570) = 1165, p < 10-6)
Maturity class is predicted from LSR and FP by the equation:
maturity class = - 0.60654 + 0.014099 x FP + 0.33762 x (LSR),
(r2 = 0.79530, F(570) = 179.68 , p < 10-5)
Figures 4a and 4b are scatterplots of FP and LSR, respectively, in those cases with
and those without respiratory distress syndrome. FP values are below 40 mg/g with RDS
and above 50 mg/g without RDS, and LSR are below 2 with RDS and above 2 without
RDS. Figure 5 is acomparison ofthe FP and LSR by component scatterplots for: (a) RDS
only; (b) No RDS; (c) PG positive; (d) PG negative. With rare exception, RDS is includ-
ed in the range FP less than 60 mg/g and LSR less than 2.5. In addition, PG positivity is
usually associated with FP exceeding 40 mg/g, and LSR exceeding two. The PG-negative
range, however, is very dense at FP above 40 mg/g and LSR exceeding 2.
Analysis ofclassified data
The classification of the BH and MMC data according to outcomes is evaluated in
Figure 6. The classes, in order, are: no RDS = 0; RDS = 1; transient tachypnea or apnea
= 2; intrauterine growth retardation (IUGR) = 3. The analysis ofvariance and box plots of
FP and LSR shows separation ofRDS and no-RDS at 50 mg/g and 2, respectively, based
on the upper and lower confidence limits for the groups. IUGR (3) and unclassified (9)
have low FP and LSR, but IUGR is not as low as RDS. The Kruskal-Wallis analysis of
groups by rank is significant for FP and LSR (t = 114.4; t = 111.3; p < 10-6). The differ-
ence between RDS and no-RDS is significant for FP and LSR by the Kolmogorov-
Smirnov nonparametric two sample test (p < 3.9x10-8; p < 9.3x10-8).
DISCUSSION
This study supports the finding that EGA and LSR are covariates for assessing FLM.
The greatest difficulty is the inaccurate dating offetal gestational ages between 32 and 37
weeks. We found fewer RDS in the BHAFclassified as not-mature, but acomparable pro-
portion in the combined BH and MMC sample to that of Steinfeld et al. [5], whose FP,
not-mature, at less than 50 mg/g was associated with RDS present in 18 of 350 AF, and
who found no cases ofRDS at LSR less than 2 or FP greater than 50 mg/g. There was no
correlation between any predictor and outcome of RDS or transient tachypnea. However,
it is notable that transient tachypnea occurs in the same range as no RDS.
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This analysis only considers IUGR with a low FP and LSR, notdrug use or otherdis-
ease factors which may accelerate or retard maturation. While an LSR exceeding 1.9 is
usually considered mature, this study establishes the uncertainty at LSR ratio below 2.5
and FP below 70 mg/g. A PG that is not 1+ in theAmniostat method is the same as a neg-
ative and precludes the elimination ofLSR. This is ofinterest in the group that has a neg-
ative PG and an LSR between 2.0 and 2.5.
This study illustrates the methodological problems posed by evaluation of tests for
fetal lung maturity. It is customary to validate the LSR ratio using a ROC curve which
compares the diagnostic efficiency orsensitivity and specificity ofthe test against the LSR
cutoffat assigned ratios [15]. How is the efficiency measured? In this case, all ofthe cases
of RDS (not transient tachypnea) of the newborn would be used for assigning disease
class, but there is significant uncertainty about the negative tests vs. outcome.
The ROC curve is a model that requires the comparison ofeach test outcome with a
reference classification defining mature and not-mature. In this case, RDS is the defining
factor. This means that very large studies would have to be carried out for achieving valid-
ity because of the low frequency of the expected outcome. An important aspect of this
issue is the fact that an LSR result that is not-mature does not invariably result in RDS. It
usually does not. Therefore, other models for assessing maturity are needed.
Methods using fuzzy set logic where uncertainty is scaled into prediction of the out-
come [16] are closely related to the model used here. The problem posed by this study
illustrates the difference between measuring efficacy and effectiveness. The demonstra-
tion of efficacy requires controlled studies and invariably suffers from lack of adequate
scope ofthe study population, thus introducing bias. The consequence is that tests ortreat-
ments have poorer performance when introduced into broader usage. This is expected
when the validation study has insufficient information to define effects that occur outside
of the study. Studies of effectiveness have to take into account utilization in situations in
which confounding factors are present. This necessitates use of multivariate methods to
determine the importance and effects ofthe confounding factors. In the case ofLSR, the
test was introduced based on the correlation between a biochemical measurement and
development offetal lung surfactant activity, which is measureable in amniotic fluid. Soon
after its introduction it became apparent that both contamination issues (red cell phos-
phatidyl choline) and disease factors (diabetes) were important in its interpretation. In
addition, the method limits were defined in relationship to RDS; mature and not-mature
were both compared with respect to a low frequency event at a reference limit that is pre-
determined. PG is a correlated test unaffected by specimen contamination and it is useful
for eliminating the need for LSR when the result is positive, but it has a high false-nega-
tive rate, making it costly in the situation with a significant prevalence rate ofcomplicat-
ed pregnancies and premature deliveries. On the other hand, there is a high concordance
of positive PG with positive LSR. Unlike the finding of a positive PG or LSR, a negative
PG or LSR may be considered insufficient information for predicting RDS. EGA is nec-
essary information that is only accurate in a three week range. The model using informa-
tion-induction introduced by Rudolph et al. [2] allows an examination ofthe endogenous
information in the data without reliance on some predetermined definition of outcome,
such as RDS.
There are other models that are being used for effectiveness research. The most com-
mon methods are Cox regression and proportional hazards [17, 18]. These methods are
used forcomparing alternative treatments in oncology trials to determine the effect on sur-
vival when prognostic factors and therapy independently improve outcome. In this case,
the selection of distinct patient subsets has posed problems requiring additional methods,
such as recursive partitioning and amalgamation [19, 20]. This method successively par-
titions the population into two subgroups until no available variable produces a survival
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difference and then joins subgroups of patients who do not differ with regard to survival
potential. The recursive partitioning method has also been used to predict myocardial
infarction [21], but while its goal is to predict patients with similar survival outcome, it
can be used to identify important factors without their being specified prior to analysis.
Clearly, the proportional hazards model might be adapted for studies such as this, but the
unfavorable outcome is not non-survival. An interesting use of the proportional hazards
model is in the finding of a ten-fold increase in relative risk ofdeath associated with low
cholesterol level in nursing home residents [22]. The model also identified a co-variable
effect of hemoglobin and albumin, and a co-morbidity effect ofdecubitus ulcers.
The opportunity to look at data relational-linkages is especially attractive for an infor-
mation-based model. This is the important question with respect to the effectiveness of
alternative methods of defining fetal maturity: PG, LSR, FP, EGA. The recent study by
Tanasijevic et al. [23] is ofsome interest because ofthe use ofa combination ofFLM sur-
factant/albumin ratio with obstetric estimates of gestational age. They used FLM with
EGA in a prediction rule determined by logistic regression.
The ability to identify risk using binary pattern recognition has been demonstrated
while confirming the value of the FP assay.
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